A number of factors affect the development of RA, and several markers including genetic information have been investigated as potential means of distinguishing patients with preferable outcomes from others; however, confirmed evidence regarding personalized therapy is still limited [1, 2] . Recalling the basic fact that joint inflammation is an essential aspect of RA, it is quite natural and reasonable to look closely into which joints are thus affected. Since it is hard to predict single joint involvement separately, we tried to forecast the proportions of affected joints in four joint categories: upper/small, upper/ large, lower/small, and lower/large. After treatment with biological disease-modifying anti-rheumatic drugs (bDMARDs), there was a significant relation in the change in the proportions of affected joints between the upper/small and upper/large categories as well as between the lower/small and the lower/large categories, while the response to bDMARDs in the upper limbs was independent of that in the lower limbs [3] ; therefore, upper joints and lower joints should be evaluated separately. We have previously reported that upper/small joints affected activity-related HAQ, whereas large-joint involvement was associated with an increase in both activity-related and damage-related HAQ [4] . These findings indicate that we should discriminate large joints from small joints as well as upper joints from lower joints.
The joint index vector incorporates both the upper-and lower-joint index and the large-or small-joint dominance status in each patient. Based on this calculation, patients with high disease activity and poor functional state were predicted with high probability.
Methods
The National Database of Rheumatic Diseases in Japan (NinJa) is a nationwide database that was assembled to illuminate the current status and issues of patients with RA in Japan and has been continuously updated since 2002. RA patients are registered annually from institutes in Japan, and data on 15,341 individuals from 51 institutes were available as of 2016. The NinJa project was reviewed and approved by the ethics committee at each participating institution and all patients participating in the study provided informed consent.
Excluding patients with missing values for Simplified Disease Activity Index (SDAI) [5] or the disability index of the Health Assessment Questionnaire (HAQ-DI) [6, 7] , 11,013 patients were analyzed. Serial registration data from patients without orthopedic surgery between 2013 and 2014 (n = 10,206) and between 2015 and 2016 (n = 10,118) were used for validation of forecasting next-year joint involvement (Additional file 1).
The joint index (JI) was calculated as described previously [3] . Briefly, joints were divided into four categories based on functional aspect: upper/large (UL: shoulder, sternoclavicular, elbow, and wrist joints), upper/small (US: proximal interphalangeal and metacarpophalangeal joints), lower/large (LL: hip, knee, ankle, and tarsometatarsal joints), and lower/small (LS: metatarsophalangeal joints). The JI for each of these categories is the sum of the number of tender and swollen joints divided by the number of evaluable joints in that category. JI is within the range of 0-2.
Next, the joint index vector V (x, y, z) was calculated as x = JI UL + JI US , y = JI LL + JI LS , and z = JI UL + JI LL − JI US − JI LS , where JI UL , JI US , JI LL , and JI LS indicate the joint indices of the upper/large, upper/small, lower/large, and lower/small joint categories, respectively. Thus, X and Y axes represent the JI of the upper limbs and the lower limbs, respectively, while the Z axis indicates large-or small-joint dominance of articular involvement (Fig. 1a) . X and Y are within the range of 0-4 and z is within the range of − 4 to 4. Vxy (x, y) is the orthographic projection of the vector V (x, y, z) to the XY plane. |Vxy| is the scalar of Vxy (x, y) calculated as the square root of (x 2 + y 2 ) (Fig. 1a) .
|Vxy| ≤ 0.1 was defined as low disease activity (LDA). Patients with |Vxy| > 0.1 were further divided according to z value, such that patients with high disease activity and |z| ≤ 0.2 were considered evenly affected (EVN), those with z < − 0.2 were considered small joint dominant (SML) and those with z > 0.2 were considered large joint dominant (LAR). Figure 1b shows the scatter plot of |Vxy| and z. Large-joint-dominant patients (z > 0.2) are plotted in the shaded area of the upper part of the diagram. The following algorithm is the procedure to calculate the joint index vector. You can try this program as EXCEL macro using sample data (Additional file 2). 
Statistical analysis
Pearson product-moment correlation coefficient was used to examine the correlation between |Vxy| and SDAI. The Student's t-test was used to compare the two groups. Figure 3 shows the mean values of |Vxy| and z stratified by physical function, disease duration, and disease activity. Z value elevated as Steinbrocker class progressed (Fig. 3a) and as HAQ-DI increased (Fig. 3b) . Although a tendency of |Vxy| to increase over time was also observed, this increase was nonlinear compared to the increase in z value as physical function deteriorated (Fig. 3a, b) . |Vxy| and z stayed close to their original values regardless of disease duration (Fig. 3c) . |Vxy| increased as the disease activity rose, while z value did not (Fig. 3d) . The correlation coefficient between |Vxy| and SDAI was 0.82 (Fig. 4) . The mean (standard error) of |Vxy| in patients with low disease activity (SDAI ≤ 11) was 0.116 (0.002). Table 1 shows the clinical characteristics of classified patients according to |Vxy| and z value. The LDA group had the lowest SDAI and HAQ-DI and also had the smallest proportion of females. The EVN group had higher SDAI and HAQ-DI than the LDA group, though its SDAI was lower than those of the SML and LAR groups and its HAQ-DI was lower than that of the LAR group. Patients in the SML group were the youngest and had the highest SDAI. Patients in the LAR group were the oldest and had the longest disease duration. The LAR group had the highest HAQ-DI and, after the SML group, the second highest SDAI. The concordance rate between the real four groups as observed in 2016 and the predicted groups from the vectors estimated using the transformation matrix was 56.6%. Positive predictive values (PPV) of the LDA, EVN, SML, and LAR groups were 70.9, 36.2, 53.1, and 58.7%, respectively. Comparing the real groups of 2015 and those of 2016, 51.4% of the LAR patients stayed in the same group the next year; therefore, using the estimated vectors added 7.3% to the predictive value of the LAR group compared to the real group of 2015. The predicted LAR group had higher SDAI (12.3 ± 9.1 vs. 5.9 ± 6.1, p < 0.001) and higher HAQ-DI (0.96 ± 0.88 vs. 0.46 ± 0.68, p < 0.001) than the other groups, a trend comparable to that seen in the real LAR group and other groups (SDAI: 10.7 ± 6.4 vs. 5.3 ± 6.2, p < 0.001 and HAQ-DI: 0.85 ± 0.82 vs. 0.42 ± 0.65, p < 0.001).
Results
Using the real LAR group of 2015 as a predictor for the LAR group of 2016, sensitivity, specificity, PPV, and negative predictive value (NPV) were 54.5%, 87.6%, 51.4%, and 88.9%, respectively. Positive likelihood ratio (LR) = sensitivity/(1 − specificity) was 4.4. On the other hand, sensitivity, specificity, PPV, NPV, and LR were 31.1%, 94.8%, 58.7%, 85.1%, and 5.9, respectively, when the predicted LAR group was used as a predictor. Table 2 shows LR in predicting the LAR group with estimated vectors from various target patient groups using different transformation matrices. LR using target patients with less than 10 years disease duration was higher than that using patients with 10 years or more. Methotrexate (MTX) users had higher LR than non-users. When a condition of patients for computing the transformation matrix was matched with that of target patients, patients with less than 10 years disease duration had the highest LR at 7.5 ( Table 2) . Table 3 shows the predictive accuracy of the LAR group according to actual next-year patient status. Serial registration data from 2015 to 2016 for patients without orthopedic surgery were extracted from the NinJa database for the validation. Targets were all patients (n = 10,118), MTX users (n = 6254), bDMARD users (n = 2399), and users of both drugs (n = 1436). The transformation matrix was computed using data registered in NinJa from 2013 to 2014 from patients who matched the conditions of the target patients. In MTX users, PPV, NPV, and LR in predicting the LAR group were 60.8%, 85.9%, and 7.2 respectively. These values were higher than those in all patients. In MTX (Fig. 5a, d ).
Discussion
As RA is an autoimmune disease that affects the synovial joints, clinical examination of inflamed joints is essential and important in order to assess the disease activity in patients with RA [8] . In this context, several articular indices have been developed, including the Ritchie articular index, which grades patients according to the severity of pain in tender joints [9] , the Lansbury articular index, which assigns a weighted grade according to the joint surface area [10] , and the 68/66 and 28 simple inflamed joint count methods [11, 12] . Thompson et al. [13] reported that the simultaneous presence of joint tenderness and swelling weighted for joint size yielded higher correlation with inflammation than did simple counts. On the other hand, Prevoo et al. [14] found that the validity and reliability of these articular indices did not differ substantially, and proposed that the 28-joint count index, not graded and not weighted, was preferable because of its simplicity. Currently, Disease Activity Score 28 [15] and SDAI [5] , which incorporates 
Table 3 Prediction of the large-joint-dominant patients with estimated vectors from target patients stratified by medication
Transformation matrices were derived from the patients in 2013 and 2014 with concordant medication of target patients PPV positive predictive value, NPV negative predictive value, LR positive likelihood ratio = sensitivity/(1 − specificity), MTX methotrexate the 28-joint count index, are commonly used for assessing disease activity in patients with RA. A weighted articular index requires complex calculations, but computing can reduce this burden. We proposed a novel joint index that consists of the sum of tender and swollen joint counts in a particular joint category (upper/large, upper/small, lower/large, and lower/small) divided by the number of evaluable joints in that category [3] . Then we found that each joint category affected activity-related and damage-related physical function (HAQ) differently: large joint involvement was associated with an increase in both activity-related and damage-related HAQ, whereas upper/small joint involvement was the most significant predictor of activity-related HAQ [4] . Joint index vector V (x, y, z) consists of the joint index of the upper limbs (x), that of the lower limbs (y), and largeor small-joint dominance (z). A strong correlation was found between |Vxy| and SDAI, and z increased linearly as functional damage progressed. You can easily understand a patient's condition graphically separating activity and damage components. The 28 simple inflamed joint count method, which ignores joint size and its distributions, does not have this merit of the joint index vector. The mean value of |Vxy| in patients with low disease activity (SDAI ≤ 11) was around 0.1, and 5% of upper or lower limit of z value (− 4 to 4) is ± 0.2; therefore, we temporarily used |Vxy| = 0.1 and |z| = 0.2 as cut-off points. Then patients in the LAR group with (|Vxy| > 0.1 and z > 0.2) had relatively high disease activity and poor physical function. Since this is the first attempt in the world to forecast joint involvement using the joint index vector, we do not have any established cut-off scores. We believe further prospective studies using big data will optimize and validate our data.
Target patients in 2015 (number of patients) PPV (%) NPV (%) LR
The likelihood ratio (LR) in predicting the LAR group using a transformation matrix was 5.9, indicating that, if prior probability of belonging to the LAR group was 20%, the odds ratio (= 0.2/0.8 = 0.25) rises to approximately 1.5 (≒ 0.25 × 5.9), and the posterior probability of the LAR group increases to 60% (0.6/0.4 = 1.5). LR in predicting the LAR using a transformation matrix was superior to that using the former-year group as a predictor (5.9 vs. 4.4). Patients in the predicted LAR group had higher SDAI and HAQ-DI than other patients, comparable to the trends seen in the real LAR group, which indicates that the prediction of the LAR group was relatively accurate.
The LR in predicting the LAR group from among target patients with less than 10 years disease duration was higher than that from among patients with 10 years or more. When we used a transformation matrix from patients with or without MTX for predicting the LAR group, the LR was higher among patients using MTX than among those not using it (Table 2) . Predictive accuracy increased when we used a transformation matrix from patients corresponding to the target patients; LR was over seven both in patients with less than 10 years and in those using MTX. In addition, LR in predicting the LAR group from among patients using both MTX and bDMARDs reached the highest value, 8.6 (Table 3 ). These findings indicate that predictive accuracy is greatest in tightly controlled populations with short duration of RA; therefore, this predictive method will be beneficial for clinical practice.
Joint index vector has other advantages besides predicting high disease activity and poor function among patients in the LAR group. The fact that the joint index vector is easily understood is an advantage in dealing with big data. It aids visual comprehension as the graphical depiction of its results clearly shows the patients in the LAR group located in the upper part of the diagram (Fig. 1b) . The predicted LAR group using target patients who use MTX and bDMARDs is distributed closer to the upper part of the diagram, as is the real LAR group (Fig. 5) . Moreover, this prediction method can be used for patients treated with IL-6 inhibitor, which strongly suppresses C-reactive protein, as well as for patients taking other DMARDs, since joint index vector is derived from pure joint assessment without laboratory data. Furthermore, joint index vector permits physicians to estimate disease activity and functional damage even if a patient's assessment or laboratory data are missing, as |Vxy| and z are correlates with SDAI and HAQ-DI, respectively; joint index vector encourages utilization of missing data effectively.
RA is not a simple monogenic disease, but a polygenic disease whereby environmental and multiple genetic loci increase the individuals risk of developing disease. Successful application of common polygenic modeling approaches would require sample sizes greater than 1000 individuals for traits with less than 50% heritability [1] . The joint index vector enables us to handle 10,000 or more data and to discriminate patients with high disease activity and poor physical function from others. Pharmacogenetic and genomic studies have the potential to enable precision medicine by providing biomarkers to target the right drug to the right patients; however, a large number of studies results to date have been disappointing and have not yielded a change in clinical practice [1] . One of the reasons is a difficulty to capture response in RA. Many research studies use composite measures such as DAS28, which include subjective measures of disease and are known to have a placebo effect [1] . Researchers are searching a more personalized approach toward treatment to achieve rapid remission in every patient to prevent disability in a cost-effective manner [2] , and our method is likely to meet the requirements. The predictive accuracy using the joint index vector and its transformation matrix was greatest among target patients who used both MTX and bDMARDs. An appropriate transformation matrix may enable us to predict which agent will have an optimal effect on each patient before administering any drug. In combination with biological markers such as rheumatoid factors and anti-citrullinated protein antibodies, this method using the joint index vector may increase the accuracy with which we can predict which patients will have poor prognosis and can contribute to precision medicine.
Our method is not restricted to the NinJa database. A larger scale of database that fulfills the following requirements would be available.
1. Affected joints and other information of each patient are entered into the database annually. At least bilateral shoulder, sternoclavicular, elbow, wrist, proximal interphalangeal, metacarpophalangeal, hip, knee, ankle, tarsometatarsal, and metatarsophalangeal joints must be evaluated whether tenderness and/or swelling exist. 2. Patients' information should include age, disease duration, therapeutic agents, inflammatory markers (C-reactive protein, erythrocyte sedimentation rate), titers of rheumatoid factor and anti-citrullinated protein antibody, patients' global assessment, physicians' global assessment, and HAQ-DI. 3. Security to protect from leaking personal information must be established.
Currently, each institute (center) uploads patients' data to the NinJa database and the mean vector is computed using the aggregated data (Fig. 6a) ; however, the mean vector can be calculated based on mean vectors and sample numbers which computed in each center independently (Fig. 6b) . If 100 centers compute 1000 patient data in parallel, then the mean vector of 100,000 patients can be calculated easily and speedy. In the future, mean vectors from various regions or countries will be aggregated and the mean vector of big data can be obtained (Fig. 6c) .
Transformation matrices calculated from stratified patients' data would be prepared for users. For example, if there was a seropositive (rheumatoid factor and anti-citrullinated protein antibodies positive) RA patients with less than 5 years duration of the disease and treated with MTX but not with bDMARDs, you could search the database and get a transformation matrix 1 [T1] matched the condition of this patient. Then you could get another transformation matrix 2 [T2] from seropositive RA patients with less than 5 years duration of the disease and treated with MTX and bDMARDs. Comparing the estimated vectors applying [T1] and [T2] would help you make a decision to start bDMARDs or not. As mobile devices are ubiquitous now, big data in a dynamic and real-time environment are analyzed with wireless sensor networks [16] . In the future, a physician will get a transformation matrix immediately when entering a condition into a mobile device by wireless sensor networks, that aggregates computed mean vectors of patients who matched the condition in each center. And a new dataset generated from feedback data will be used for improving predictive accuracy.
New methods of big data analysis have been emerging and predictive accuracy is improving; for example, Ke et al. [17] proposed a feature learning algorithm based on the adaptive independent subspace analysis and this method showed higher classification accuracy than the independent component analysis. This computer learning method needs relatively small sample data to predict larger data. Applying this method on change in pattern of involved joints may predict single joint involvement separately.
One limitation of this study is the relatively low diversity of patients' demographic features and therapeutic agents. Data were collected from patients at 51 participating institutes. Almost all of the institutes are teaching hospitals for rheumatology approved by the Japan College of Rheumatology, and the patients are treated under a tightly controlled (treat to target) strategy in general. Another limitation was the assessment manner was left to each physician; therefore, there may be differences in joint assessment among physicians, which affects predictive accuracy. Despite these limitations, this study indicates that a transformation matrix derived from joint index vectors can be used to predict the next-year status in each patient from multicenter non-interventional data. As computing can reduce the time required to calculate the joint index vector, the burden of applying the joint index vector in daily practice is low. Methods of dealing with big data. Currently, each institute (center) uploads patients' data to the NinJa database and the mean vector is computed using the aggregated data (a); however, the mean vector can be calculated based on mean vectors and sample numbers which computed in each center independently (b).
In the future, mean vectors from various regions or countries (α, β, γ) will be aggregated and the mean vector of big data can be obtained (c)
